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Abstract

:

To improve the anti-interference and robustness of the adaptive cruise control system in car-following mode, this paper designs a robust controller for the automobile adaptive cruise control system which contains two layers, the upper and lower structures, based on the μ control theory. On the one hand, the upper controller calculates the theoretical safety distance between two automobiles based on the current working conditions, and it calculates the expected acceleration of the vehicle through an optimal control method based on the safety distance and two vehicle speeds. On the other hand, this paper constructs the lower μ integrated controller of an automobile longitudinal dynamics system based on the performance requirements of an adaptive cruise control system and solves it in Matlab. Then, through calculation and simulation, it demonstrates that the designed dual-layer LQR-μ controller has good performance robustness and robust stability, which can significantly improve the anti-interference ability and driving safety performance of the vehicle during the following cruise process.
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1. Introduction


Adaptive cruise is also known as adaptive cruise control. The adaptive cruise control system is an upgrade of the cruise control function. Compared with the cruise control function, the adaptive cruise control system reduces the actions that the driver needs to perform to cancel and set the cruise control function, and it is applicable to more road conditions. In short, adaptive cruise control can not only set the vehicle speed according to the driver’s requirements, but also automatically adjust the car by controlling the engine and brakes appropriately without the driver’s intervention. By installing a radar at the front of the car to continuously scan the road ahead of the vehicle and collecting the wheel speed measured by the wheel speed sensor, the car’s driving speed can be calculated. When the car is too close to the vehicle in front, the adaptive cruise control unit can also control the anti-lock braking system, engine control system, etc., to make the car wheels brake appropriately and reduce engine power, thereby maintaining a certain safe distance from the vehicle in front. The adaptive cruise control function mainly includes radar sensors, ultrasonic distance sensors, infrared distance sensors, digital signal processors, and control modules. When the adaptive cruise control function is in operation, the precise position of the vehicle in front is measured through the fusion of multiple sensors such as low-power radar or infrared beams. When the vehicle in front begins to slow down or new targets appear, the automatic driving system will send a signal to the brake to reduce speed, allowing the car and the vehicle in front to achieve safe-distance following. When there are no cars in front or the car in front changes lanes, the adaptive cruise control system will allow the car to drive safely according to the set speed, and the radar will continuously detect targets in the front and adjust the vehicle speed based on the actual road conditions. Adaptive cruise is widely recognized as a key component of the future autonomous vehicle [1]. Therefore, the field has received widespread attention from scholars both domestically and internationally in recent years [2]. Currently, the control design of the adaptive cruise control system mainly adopts double-layer control [3]. The upper controller is based on the driving environment detected by the onboard sensors to calculate the corresponding expected acceleration, while the lower controller controls the brake and throttle based on the expected acceleration obtained by the upper controller to achieve the corresponding acceleration of the target vehicle. Fuzzy PID control, sliding mode control, model predictive control, and other traditional control methods have been widely used in ACC systems [4,5,6]. These control methods take distance control as the main objective, obtaining the corresponding expected acceleration based on the safe distance to determine whether the vehicle needs to accelerate or decelerate. However, they do not take into account the perturbation changes in the vehicle’s own parameters and the inability of the vehicle to achieve the expected acceleration due to external interference. This article is based on the μ control theory, a two-stage adaptive cruise control method that considers robustness, safety, and comfort, is proposed to improve the system robustness performance and stability, as well as enhance the system anti-interference.




2. Adaptive Cruise Longitudinal Kinematics Model between Vehicles


In the process of natural driving, the driver will follow the vehicle in front at a certain speed and distance. With a change in the speed of the vehicle in front, the driver will use the accelerator pedal and brake pedal to adjust the safety distance between itself and the car in front and the speed of itself, so as to make the controlled car and the tracking vehicle maintain a certain distance and make the speed of the controlled vehicle consistent with the tracking vehicle, that is, the “two unchanged” principle [7].



The two principles of invariance can be expressed through formulas as follows:


   v f  =  v p   



(1)






   d  d e s   =  d 0   



(2)




where the    v f    represents the speed of the front vehicle,    v p    represents the self-driving speed,    d  d e s     is the expected distance between cars, and    d 0    represents the actual distance between cars.



From the perspective of safe driving, the safe distance that two vehicles need to maintain when driving on a flat road mainly includes three aspects: firstly, the distance that the driver of the following vehicle can recognize and react during the time when the preceding vehicle slows down and brakes; the second is the delay caused by the acceleration process of two cars; and the third is the required distance between the front and rear cars after eliminating the relative speed between the two cars.



The longitudinal kinematics model between cars is shown in Figure 1.
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Figure 1. Longitudinal kinematics model between cars. 






Figure 1. Longitudinal kinematics model between cars.
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where    d s    is the necessary safety distance, and the expected distance    d  d e s     between cars can be expressed as:


   d  d e s   = Δ t ⋅  v p  + Δ d +    v p 2    2  a p    −    v  f 0  2    2  a f     



(3)




where    v  f 0     represents the vehicle speed before the preceding vehicle begins to decelerate,    a p    represents the maximum acceleration of the self-driving vehicle,    a f    represents the maximum acceleration of the preceding vehicle,   Δ t   is the driver’s reaction time, and   Δ d   is the safe distance that needs to be maintained when the two vehicles stop.




3. Upper Controller Design


The upper controller calculates the expected acceleration according to the speed and acceleration of the target controlled vehicle and the relative speed and distance from the vehicle in front.



According to the minimum safe distance model between cars, the kinematics relationship between the self-car and the front car can be expressed as:


    Δ d =  d  d e s   −  d 0      Δ v =  v f  −  v p     



(4)




where   Δ d   is the difference between the actual distance of two vehicles and the expected safe distance, and   Δ v   is the relative speed of the two vehicles.



With   Δ d   and   Δ v   as the state variables and the self-acceleration as the control variable, the equation of state of the longitudinal dynamics model between cars can be obtained as follows:


     x ˙  = A x + B u     Y = C x + D u    



(5)




where   x =     Δ d     Δ v      ,   A =     0   1     0   0      ,   B =     0     1      ,   C =     1   0     0   1      ,   D =     0     0      .



The control objective of the adaptive cruise upper controller is to make   Δ d   and   Δ v   simultaneously approach 0. Since safety is the most important and fundamental performance indicator of the ACC system, designing it as a soft constraint will increase safety hazards. Therefore, here we designed the safety indicator as a hard constraint.


  Δ d ≥ 0  



(6)







The comfort of driving directly affects the level of acceptance of ACC by drivers and passengers. According to research, the smaller the change in acceleration, the higher the passenger’s sitting comfort and following adaptability. Therefore, while ensuring safety, the smaller the change in acceleration, the better [8], i.e.,    a  d e s   =    a    min    .



Then, we take the minimum expected acceleration control index function for the car following as:


  J =  1 2     ∫ 0 ∞     [     x T  Q x +  u T  R u ] d t  



(7)




where x is the state variable, u is the control variable, Q is the state weight matrix, and R is the control weight matrix. Q indicates the weighting of vehicle spacing and acceleration, and since this article comprehensively considers comfort and safety, the same weight value is taken. The selection of R affects the control quantity. As the importance of control indicators on controlling energy consumption decreases, the tracking ability of the system under the corresponding controller control increases, and the control quantity, i.e., the amplitude of vehicle acceleration, also increases. If the order of magnitude difference between weight coefficients is too large, some sub objectives have too little impact on the optimization results and are easily overlooked, so it is necessary to limit the order of magnitude of each weight coefficient. Therefore, the value of Q is       10   0     0   8.5      , and the value of R is 0.05.



By using the Riccati method to solve the LQR upper controller in the LQR toolbox of MATLAB, the state feedback coefficient in the linear–quadratic regulator is:


       k 1       k 2      =     14.1421     15.1091      












4. Vehicle Longitudinal Dynamics Model


Before establishing the vehicle longitudinal dynamics model, the following assumptions should also be added:




	(1)

	
Simplify the four-wheel model into a two-wheel model, taking into account the uniformity of the vehicle’s overall weight and the load difference between the left and right wheels.




	(2)

	
Without considering the tire slip characteristics, the road can provide sufficient road adhesion coefficient when the car is driving, thereby maximizing the braking effect [9].









The force acting on the vehicle during driving is shown in Figure 2.



Among them,  v  represents the longitudinal driving speed,  m  represents the overall mass of the vehicle,    T r    and    T f    represent the braking torque of the front and rear wheels of the vehicle,    F a    represents the air resistance during driving,    F  f f     and    F  f r     represent the friction force of the front and rear wheels from the road,    F T    represents the driving torque provided by the engine, and  L  represents the wheelbase from the front to the rear wheels.


   m f  = m g   L r  L   



(8)






   m r  = m g    L f   L   



(9)




where    m f    and    m r    represent the load of the front and rear wheels, while    L f    and    L r    represent the distance from the front and rear axles of the car to the center of mass.



Equations of motion of the front and rear wheels as:


   J f    w ˙  v  =  F T  − r  m f  f − r  F f  −  T f   



(10)






   J r    w ˙  v  = r  F r  − r  m r  f −  T r   



(11)




where    J f    and    J r    represent the moment of inertia of the front and rear wheels, respectively, f represents the rolling resistance coefficient, r represents the wheel radius, and    w v    represents the wheel angular speed.



According to the longitudinal force condition of the vehicle during driving, the equations of motion can be established as follows:


  m  v ˙  =  F T  −  F P  −  F a  −  F f   



(12)







In the equation:



Braking force:    F P  =  K P   P b   ;



Air resistance:    F a  =  1 2   C d  A ρ  v 2   ;



Rolling friction:    F f  = m g f  .



Union can obtain:


    m +    J f  +  J r     r 2       v ˙  =  F T  −  K P   P b  −  1 2   C d  A ρ  V 2  − m g f  



(13)




where    K P    is the braking coefficient,    P b    is the total braking pressure,    C d    is the air resistance coefficient, A is the car windward area, and  ρ  is the density of air.




5. Lower-Level Controller Design Based on μ Control Method


Due to the complexity of the controlled objects in existing control systems and the wide range of application fields, the influence of uncertainty factors becomes more prominent in actual control system design. In order to achieve robust performance control of closed-loop control systems for controlled objects with multiple uncertain perturbation factors, Scholar Doyle proposed μ control theory in 1982, which explains that all discrete uncertainties can be concentrated in a diagonal matrix with known structural dimensions. The core idea of the μ control method is to analyze multiple unstructured perturbations/disturbances and other uncertain factors of the controlled object, transforming the performance robustness problem of the control system into a stability robustness problem; combining the robustness requirements of performance and stability, the control system is analyzed and synthesized. Meanwhile, the uncertainty factors are structured, which can provide a more reasonable analysis of the robustness and performance robustness of the control system, and to some extent, it reduces the conservatism problem of the H∞ control algorithm. The μ control theory involves reconstructing various aspects of the system, such as input, output, parameter perturbations, and transfer functions, in order to separate disturbances in advance.



In the presence of parameter changes in the vehicle, uncertainty in model modeling, and noise interference from external acceleration and speed, the lower layer μ controller is proposed to control the acceleration of the car and enable it to smoothly follow the expected acceleration outputted by the upper controller. According to the nominal model of the controlled system, the model uncertainty, the parameter perturbation of the model and the weight function satisfying the tracking effect, an augmented open-loop control system of the controlled object is established, and the D-K iterative algorithm is used to solve the controller according to the input–output relationship of the established open-loop system.



The design of the adaptive cruise lower controller needs to meet the following points:




	(1)

	
To ensure the tracking ability of the vehicle, the primary goal of the entire control system is to reduce the error between the actual acceleration of the vehicle and the expected acceleration outputted by the upper controller, so that the cruise system has a strong ability to follow cars.




	(2)

	
Considering the disturbance of vehicle parameters, model uncertainty, and other disturbance factors, as well as the stability of the vehicle during driving, higher requirements are put forward for the control of the system. In the real car-following process, the speed of the front car and the distance between the main car and the front car are measured by onboard radar sensors, while the main car uses wheel speed sensors and acceleration sensors to obtain information such as vehicle speed and acceleration. Due to the various state information of the system being affected by external disturbances, noise in the measured signal is inevitable. Therefore, the controller should have good anti-interference performance.









5.1. Inverse Longitudinal Dynamic Model


Since the engine and brake of the vehicle are both strong nonlinear elements, considering the problems of model simplification and calculation convenience, the inverse longitudinal dynamic model is established. In the inverse longitudinal dynamics model, the expected acceleration is input, and the engine torque and vehicle braking torque are obtained based on the longitudinal force balance analysis of the vehicle during driving. The establishment of the inverse longitudinal dynamics model greatly simplifies the establishment of the adaptive cruise system model, as shown in Figure 3 [10].



When the car is driving at a constant speed and in equilibrium, the driving force and resistance of the car in the longitudinal direction are calculated according to Newton’s law. The driving equation is:


  0 =  F T  −  F P  −  F a  −  F f  − m  v ˙   



(14)







In actual driving, when the car’s engine controls the speed, the brakes are in a state of non-operation. Ignoring the magnitude of the braking force,    P b  = 0  , the output torque of the engine can be expressed as:


   F  T d e s   = m ⋅  a  d e s   +  ∑   F v     



(15)




where    ∑   F v      is the combined resistance force, and    F  T d e s     is the expected engine driving force. Similarly, when the vehicle’s speed is controlled by the braking system, the acceleration obtained from the upper controller is input into the established reverse braking model,    F T  = 0  , and the expected braking pressure can be obtained:


   P  d e s   =     m ⋅  a  d e s   −  ∑   F v         K b     



(16)




where    K b    is the proportional coefficient, and    P  d e s     is the expected braking force.



Based on the characteristics of vehicle system response, it is proposed to use a first-order inert transfer function to connect the adaptive cruise vehicle inverse model and longitudinal dynamics model, namely:


   F  T d e s   = τ ⋅   F ˙  T  +  F T   



(17)






   P  d e s   =   α ⋅   P ˙  b  +  P b     K b     



(18)








5.2. Longitudinal Dynamic Perturbation Model


To construct the lower-level control model for the adaptive cruise control system, it is necessary to consider the uncertainties of the system. In the actual driving process, due to the difference in the unloaded and fully loaded states of the vehicle, the weight of the vehicle and the radius of the wheels will change within a certain range. The disturbance of these parameters will cause an increase in the acceleration overshoot of the control system, generate significant oscillations, and extend the adjustment time. Therefore, when designing a control system, it is necessary to take into account the perturbations of the system’s mass and radius in advance.


    m =  m ¯  ( 1 +  d m   δ m  )     r =  r ¯  ( 1 +  d r   δ r  )    



(19)




where   m ¯   is the nominal vehicle mass,   r ¯   is the nominal wheel radius,    d m    is the change degree of the vehicle mass,    δ m    is the unit value perturbation of the vehicle mass,    d r    represents the change degree of the wheel radius, and    δ r    represents the unit value perturbation of the wheel radius.



The perturbation model of the longitudinal dynamics of the vehicle can be expressed as:


     m ¯  ( 1 +  d m   δ m  ) +    J f  +  J r    (  r ¯    ( 1 +  d r   δ r  ) )  2       v ˙  =  F T  −  K P   P b  −  1 2   C d  A ρ  V 2  −  m ¯  ( 1 +  d m   δ m  ) g f  



(20)







In addition, the automobile’s engine and brake are strong nonlinear elements. In order to solve the problem concisely, the inverse model is used for linear connection. Thus, the model has the dynamic error of an unstructured model, which is expressed by the system multiplicative perturbation. Assuming    G 0    is the transfer function model of the system, the system model considering the multiplicative perturbation of the vehicle’s inverse longitudinal dynamics model is expressed as [11]:


   G  0 m   =  G 0  ( I +  Δ P   W m  )  



(21)




where    Δ P    represents the normalized uncertainty function, and    W m    represents the error weight function.



Add the sensor noise of the controller as an external interfere into the vehicle system model, and the lower layer μ control model can be obtained in Figure 4 below.



In order to ensure the tracking ability of the vehicle and enable the cruise system to have a strong ability to following cars, one can reduce the value of        W a  (  a  d e s   − a )    2   , where    a  d e s     is the expected acceleration output by the upper controller,  a  is the actual output acceleration of the vehicle, and    W a    is the acceleration weight function. In order to ensure the safety performance of the vehicle and make the cruise system quickly reach the expected speed of the vehicle in front, one can reduce the value of        W v  (  v  d e s   − v )    2   , where    v  d e s     is the speed of the vehicle in front,  v  is the actual speed of the vehicle, and    W v    is the speed weight function.



When designing the lower brake controller of the system, the relevant signals of the vehicle are collected through speed and acceleration sensors and input into the system. Therefore, the noise disturbance to the control system mainly consists of two factors: the speed sensor noise and acceleration sensor noise, which are represented by    η v    and    η a   , and where    W a    and    W V    represent the weight function of velocity and acceleration. On this basis, this article tries to reduce the conservatism of the system model as much as possible, so that the designed weight function can be as close to the actual situation as possible. Meanwhile, considering the significant impact of the mid- to low-frequency range on the control system, it is important to avoid exceeding the perturbation gain when selecting the weight function. After multiple trials and calculations, taking    W v  =     0.37 s + 0.13    /    s + 1       specifically represents a velocity error of 0.13 m/s in the low-frequency range and 0.37 m/s in the high-frequency range. Taking    W a  =     0.26 s + 0.03    /    s + 0.1       specifically represents an acceleration error of 0.26 m/s2 in the low-frequency range and 0.3 m/s2 in the high-frequency range. For the uncertain model error of the system, one can select the weight function    W m  =     s + 0.25    /    s + 1       to indicate that the uncertain model error of the vehicle inverse model at low frequencies is 25%, while the uncertain model error at high frequencies is 100%.




5.3. Lower-Level Controller Design


The adaptive cruise lower controller adopts the μ control method to make the robust controller design, and the μ control method is an iterative algorithm based on a structural singular value [12]. For the parameter uncertainty modules    Δ m   ,    Δ r   , and the non-structural model dynamic error    Δ P   , the mixed uncertainty diagonal matrix is defined as follows:


  Δ =        Δ m           Δ r               Δ p      :    Δ   ∞  ≤ 1    



(22)







Establishing the system augmentation model   P ( s )  , which weights the output and interference, and obtaining the closed-loop control model of the uncertain system with weighting functions, are shown in Figure 5 [13,14].



In Figure 5, M represents the lower linear fractional expression of the system model   P ( s )   and lower controller K:


  M =  F l  ( P ( s ) , K ) =      M  11      M  12        M  21      M  22        



(23)







The transfer function relationship between the output Z and input W is:


   Z W  =  F u  (  F l  ( P ( s ) , K ) , Δ )  



(24)







For each controlled object on the uncertain set, if the controller can ensure its internal stability, it is called robust stability. If all objects in a set have internal stability and certain properties, it is called the “robustness” of the system. Robust control means that when the controlled object has uncertainty, it can ensure that the closed-loop system has good robust stability performance, that is, it is necessary to make each type of model of the controlled object in the disturbance area meet the required stability conditions and achieve the required performance indicators. The μ control theory solves the control K through the D-K iterative algorithm, so that the controller K satisfies [15,16]:


    sup μ   w ∈ R      F l  ( P , K ) ( j w )   < 1  



(25)







In MATLAB, based on the selected weight function, the robust control toolbox of MATLAB is used to solve the μ controller of the active collision avoidance open-loop braking control system. The frequency domain simulation results of the controller are shown in Figure 6 and Figure 7.



Figure 6 and Figure 7 represent the performance structure singular values and perturbation structure singular values of the closed-loop system of the μ braking controller. It can be seen that the maximum value of the μ value of the designed active collision avoidance μ control system is 0.262 < 1. According to the μ control theory, it can be inferred that the designed μ braking controller has good performance robustness and robust stability under parameter uncertainty and various external disturbances, which can meet the performance requirements of the active collision avoidance braking system and demonstrate good anti-interference performance.



After five D-K iterations, the state space equation of the μ controller is:


     x ˙  = A x + B u     Y = C x + D u    



(26)







The solution of the controller is obtained as:


  A =     2051.70 …   967.74 …   135020.48 …   8020.82 …   10026.02 …    − 187187.29  …   510.13 …   184.88 …     98.7043 …   48.38 …                  6838.75  …                  406.26  …                507.83  …                − 9481.09  …                25.83  …      9.36  …      − 552.26  …    − 252.29  …    − 35919.37  …    − 2118.23  …    − 2647.79  …    49701.13  …    − 135.29  …    − 49.07  …      − 425.33  …    − 221.00  …    − 32577.72  …    − 1715.13  …    − 2131.41  …    44078.50  …    − 66.30  …      − 63.99  …      − 473.66  …    − 213.64  …    − 30692.18  …    − 1797.49  …    − 2256.87  …    42408.67  …    − 115.30  …    − 41.86  …     2.1 … 1  0  − 14     9.5 … 1  0  − 15        1.3  … 3 × 1  0  − 12      8.1  … 1  0  − 14      1.0  … 1  0  − 13        − 0.03  …   5.1 … 1  0  − 15     1.8 … 1  0  − 15       8466.18 …   4253.57 …          623424.13  …      33372.84  …      41716.05  …      − 847457.22  … 1487.74 …   1152.58 …      − 4857.21  …      − 2168.73  …    − 310932.43  …    − 18458.61  …    − 23073.26  … 430337.31 …    − 1216.73  …  − 409.41  …      










   B =     0.179 …      − 0.011  …      − 17.24  …      − 32.29  …      − 29.68  …     1.000 …     614.68 …      − 300.15  …       ,   C =        − 69   . 27  …      − 32   . 04  …      − 4519   . 73  …      − 268   . 49  …      − 335   . 62  …     6266  . 02  …      − 17   . 07  …      − 6   . 18  …      T    ,   D = 0   













6. Simulation Verification and Analysis


The overall parameters of the vehicle are show in Table 1:



In order to verify the anti-interference performance of the designed controller, two working conditions were designed based on Simulink for simulation verification; at the same time, the H∞ and PID lower controllers were designed for comparison.



Condition 1: Set the initial speed of the own vehicle as 30 km/h, the initial speed of the front vehicle as 30 km/h, and the distance between the two vehicles as 30 m. The preceding vehicle decelerates at 3 s, accelerates at 4.5 s, and moves at a constant speed at 6 s. The simulation results are shown in Figure 8, Figure 9 and Figure 10.



From Figure 8 and Figure 9, it can be seen that the acceleration and velocity tracking performance of the μ controller is better than that of the H∞ control and PID. The μ controller reached stability at 6.5 s, while the PID and H∞ control reached stability at 8.2 s. Figure 10 shows the error between the actual distance of two vehicles and the expected safe distance under the three controllers. The error fluctuation range of the μ controller is around 0.05 m, while the error fluctuation of the H∞ control and PID control is relatively large, about 0.5 m.



Condition 2: Set the initial speed of the own vehicle as 30 km/h, the initial speed of the front vehicle as 30 km/h, and the distance between the two vehicles as 30 m. The front vehicle decelerates first at 3 s, accelerates at 4.5 s, and moves at a constant speed at 6 s. Controlling the mass of the vehicle to increase by 25% and verifying the control effect of the μ controller under model distortion, the simulation results are shown in Figure 11, Figure 12 and Figure 13.



Figure 11 and Figure 12 show that with a 25% increase in mass, the μ controller tends to stabilize at 6.36 s, while the H∞ control tends to stabilize at 8.3 s, and the PID control reaches stability at 8.54 s. Figure 13 shows the error between the actual distance of two vehicles and the expected safe distance under the three controllers. The error fluctuation range of the μ controller is around 0.05 m, while the fluctuation range of the PID control is increased to 0.6 m, which is greatly affected by model distortion. The simulation results indicate that the designed μ controller significantly improves the anti-interference performance of the system.




7. Conclusions


The thesis focuses on the issue of driving comfort during the following cruise process, as well as the speed, accuracy, and safety of the vehicle response. Based on the optimal control method, the LQR upper controller was designed. By establishing the longitudinal dynamics model between vehicles, the optimal control acceleration was calculated, which improved the comfort and reliability of autonomous following while ensuring safety. Considering the uncertainty of its own model and the impact of parameter perturbations on control effectiveness, a longitudinal dynamic perturbation model was established to make the model more in line with the situation of vehicle following, which improved the accuracy and reliability of the model. And, based on the μ control method, we designed the lower controller, which improved the robustness of the autonomous following system. Through simulation verification and comparison with the H∞ controller and PID controller, it can be seen that the designed dual-layer controller has better anti-interference performance and corresponding performance, and can accurately follow the vehicle in front. Therefore, the cruise controller designed here can ensure good tracking, safety, and comfort of the vehicle, laying the foundation for further research on active safety technology.



However, when modeling the vehicle dynamics system in this thesis, only the longitudinal dynamics control problem was considered, and the vehicle model was simplified with a two-wheel model. In future research, further consideration can be given to constructing a four-wheel model of the entire vehicle, while integrating lateral and longitudinal motion control of the vehicle. Meanwhile, in terms of the design of the robustness μ controller, this article only studied and analyzed the effects of mass, wheel radius perturbation, and unmodeled errors on the braking control system regarding the self-vehicle parameter perturbations that exist during actual driving. In future research, other uncertain factors with practical effects, such as the road adhesion coefficient, system response time, etc., can be added to consider their impact on adaptive cruise control.
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Figure 2. Longitudinal force diagram of the entire vehicle. 
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Figure 3. Schematic diagram of inverse longitudinal dynamic model. 
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Figure 4. Lower-level closed-loop control block diagram. 
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Figure 5. Equivalent uncertainty system block diagram. 
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Figure 6. Robust stability. 
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Figure 7. Performance robustness. 
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Figure 8. Acceleration change curve. 
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Figure 9. Speed variation curve. 
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Figure 10. Difference between the distance of two vehicles and the expected distance. 
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Figure 11. Acceleration change curve (25% increse in mass). 
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Figure 12. Speed variation curve (25% increse in mass). 
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Figure 13. Difference between the distance of two vehicles and the expected distance (25% increse in mass). 
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